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Abstract: Rice farming in Northeast China is crucially important for China’s food security 
and sustainable development. A key challenge is how to optimize nitrogen (N) 
management to ensure high yield production while improving N use efficiency and 
protecting the environment. Handheld chlorophyll meter (CM) and active crop canopy 
sensors have been used to improve rice N management in this region. However, these 
technologies are still time consuming for large-scale applications. Satellite remote sensing 
provides a promising technology for large-scale crop growth monitoring and precision 
management. The objective of this study was to evaluate the potential of using 
FORMOSAT-2 satellite images to diagnose rice N status for guiding topdressing N 
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application at the stem elongation stage in Northeast China. Five farmers’ fields (three in 
2011 and two in 2012) were selected from the Qixing Farm in Heilongjiang Province of 
Northeast China. FORMOSAT-2 satellite images were collected in late June. 
Simultaneously, 92 field samples were collected and six agronomic variables, including 
aboveground biomass, leaf area index (LAI), plant N concentration (PNC), plant N uptake 
(PNU), CM readings and N nutrition index (NNI) defined as the ratio of actual PNC and 
critical PNC, were determined. Based on the FORMOSAT-2 imagery, a total of 50 
vegetation indices (VIs) were computed and correlated with the field-based agronomic 
variables. Results indicated that 45% of NNI variability could be explained using Ratio 
Vegetation Index 3 (RVI3) directly across years. A more practical and promising approach 
was proposed by using satellite remote sensing to estimate aboveground biomass and PNU 
at the panicle initiation stage and then using these two variables to estimate NNI indirectly 
(R2 = 0.52 across years). Further, the difference between the estimated PNU and the critical 
PNU can be used to guide the topdressing N application rate adjustments. 
Keywords: satellite remote sensing; nitrogen status diagnosis; precision nitrogen 
management; chlorophyll meter; nitrogen nutrition index; rice; FORMOSAT-2 
 
1. Introduction 
Rice (Oryza sativa L.) is one of the most important crops in the world, and more than two-thirds of 
China’s population relies on rice as the staple food [1]. Nitrogen (N) is an important element in 
chlorophyll constitution. Its supply rate affects biomass production and yield to a large extent.  
Farmers tend to apply high rates of N fertilizer in order to get a high yield. In the past 50 years, 
Chinese cereal production increased by 3.2 times, mainly due to an increased input of synthetic 
fertilizers, especially N fertilizer [2]. The agronomic efficiency of N fertilizer for rice is only 
11.7 kg·kg−1 in China, much lower than those in developed countries (20–25 kg·kg−1) [3,4]. The  
over-application of N fertilizer increases the risks of environmental pollution due to N loss into the 
surface water bodies, groundwater or atmosphere, resulting in water eutrophication, increased nitrate 
content in the groundwater and greenhouse gas emissions [5]. Precision N management strategies are 
developed to improve fertilizer N use efficiency by matching the fertilizer N input to crop N demand in 
proper time and space [6]. This requires the development of technologies for real-time and site-specific 
diagnosis of crop N status in the field for guiding the topdressing N applications [7]. 
Plant N concentration (PNC) and uptake (PNU) have been commonly used as crop N status 
indicators. To improve crop N status diagnosis, the concept of critical N concentration (Nc) has been 
proposed as the minimum PNC necessary to achieve maximum aboveground biomass production [8,9]. 
Nc decreases with increasing biomass. Their relationship can be described using a negative power 
function, called the critical N dilution curve [10]. Thus, the Nc at any given biomass value can be 
calculated by this dilution curve. The actual PNC (Na) can then be compared to Nc, and their ratio is 
termed the N nutrition index (NNI). NNI is a better indicator for diagnosing crop N status than PNC or 
PNU [10]. If Na is greater than Nc (NNI > 1), this indicates an over-supply of N, while the opposite is 
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true if Na is smaller than Nc (NNI < 1) [10]. An NNI value of one indicates an optimal N supply. The 
calculation of NNI requires destructive sampling and chemical analysis to determine biomass and plant 
N concentration, which is time and cost consuming and, thus, impractical for in-season site-specific N 
management across large areas. Therefore, there is an increasing interest in using proximal and remote 
sensing technologies to non-destructively estimate the crop NNI [10–13]. Several researchers have 
successfully used chlorophyll meter (CM) data to estimate the NNI of wheat (Triticum  
aestivum L.) [14–17] and maize (Zea mays L.) [18]. However, CM data are point measurements at the 
leaf level and unsuitable for precision N management across large areas [19]. 
Crop canopy sensors are more efficient and promising than leaf sensors for monitoring crop N 
status across large fields [7,13]. Mistele and Schmidhalter [20] used a passive hyperspectral canopy 
sensor to estimate NNI. They found that the red edge inflection point (REIP) could explain 95% of 
winter wheat NNI variability. A passive hyperspectral canopy sensor was also applied to estimate 
maize NNI by Chen et al. [21]. They reported that a model based on principal component analysis and 
a back propagation artificial neural network approach performed the best by explaining 81% of NNI 
variability. However, passive canopy sensors are constrained by the time and cloud cover of the 
acquisition day. Such hyperspectral sensors are also very expensive; therefore, they may be more 
suitable for research than for on-farm applications. 
Active optical crop canopy sensors, unlike passive sensors, have modulated light emitting diodes 
that irradiate a plant canopy and measure a portion of the reflected radiation, without relying on 
ambient sunlight [22]. They are not influenced by environmental light conditions and do not need 
frequent calibrations. The GreenSeeker active canopy sensor (Trimble Navigation Limited, Sunnyvale, 
CA, USA) has a red (R) and near-infrared (NIR) band and provides two vegetation indices (VIs), the 
Normalized Difference Vegetation Index (NDVI) and the Ratio Vegetation Index (RVI). It was found 
that GreenSeeker NDVI and RVI explained 47% and 44% of winter wheat NNI variability, 
respectively, across site years and growth stages [7]. The Crop Circle ACS 470 sensor (Holland 
Scientific, Inc., Lincoln, NE, USA) is a configurable active crop canopy sensor with three wavebands. 
It was found that two VIs calculated with the Crop Circle wavebands, the Green Re-normalized 
Difference Vegetation Index (GRDVI) and the Modified Green Soil Adjusted Vegetation Index 
(MGSAVI), were effective for estimating winter wheat NNI across site years and growth stages  
(R2 = 0.77 − 0.78) [7]. For rice, the GreenSeeker sensor explained 25%–34% and 30%–31% of NNI 
variability at the stem elongation and heading stage, respectively [13]. Using the Crop Circle ACS 470 
sensor, four red edge-based indices, including the Red Edge Soil Adjusted Vegetation Index 
(RESAVI), the Modified RESAVI (MRESAVI), the Red Edge Difference Vegetation Index (REDVI) 
and the Red Edge Re-normalized Difference Vegetation Index (RERDVI), performed equally well for 
estimating rice NNI across growth stages (R2 = 0.76) [12]. Active crop sensors have been mounted on 
fertilizer applicators, and on-the-go sensing and variable rate N applications have been realized for 
maize and wheat, but not for rice, considering the challenges for fertilizer application machines to 
enter paddy fields flooded with water. 
Aerial and satellite remote sensing is a promising technology to monitor crop N status for large 
production fields [23]. Aerial hyperspectral remote sensing and CM data were combined to diagnose 
maize N status using the N Sufficiency Index (NSI) approach [19]. Cilia et al. [24] applied aerial 
hyperspectral sensing to estimate maize NNI indirectly. They calculated the Modified Chlorophyll 
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Absorption Ratio Index/Modified Triangular Vegetation Index 2 (MCARI/MTVI2) and MTVI2 to 
estimate maize PNC (R2 = 0.59) and biomass (R2 = 0.80), respectively. Then, they combined the 
predicted PNC and biomass maps to generate an NNI map, which agreed well with the NNI obtained 
by destructive sampling and analysis (R2 = 0.70). The improvements in spatial and temporal 
resolutions of satellite remote sensing make it possible to monitor crop N status at key crop growth 
stages. Wu et al. [25] compared QuickBird data with CM readings and petiole nitrate concentration. 
They found that the QuickBird-VIs differed significantly for different N input treatments at the late 
growing season. Yang et al. [26] found that the NDVI derived from FORMOSAT-2 satellite imagery 
was highly correlated to the NDVI calculated from a ground canopy reflectance sensor (R2 = 0.79). 
Darvishzadeh et al. [27] used the inversion of the PROSAIL model with a lookup table approach and 
multispectral satellite image data of ALOS AVNIR-2. The method explained 65% of rice plant 
chlorophyll content variability with a low root mean square error (RMSE) of 0.45 g·m−2. 
So far, little has been reported on rice NNI estimation using satellite remote sensing. Therefore, the 
objective of this study was to evaluate the potential of using FORMOSAT-2 satellite remote sensing to 
estimate rice NNI at a key growth stage for guiding panicle N fertilizer application in Northeast China. 
2. Materials and Methods 
2.1. Study Site 
The study site is located at the Qixing Farm in the Sanjiang Plain, Heilongjiang Province, Northeast 
China. The Sanjiang Plain used to be a wild natural wetland formed by the alluvia of three river 
systems—Heilong River, Songhua River and Wusuli River. During the past 50 years, the natural 
wetland was reclaimed for arable land, especially paddy rice fields. Due to the small population 
density in this region, each farmer’s household has about a 20–30-ha cultivation area, making it the 
leading large-scale farming region in China. The main soil type is Albic soil, classified as Mollic 
Planosols in the FAO-UNESCO system, and typical Argialbolls in the Soil Taxonomy [28]. This area 
has a typical cool-temperate sub-humid continental monsoon climate. During the growing season 
(April–October), the average rainfall is about 400 mm, which accounts for approximately 70% of 
yearly precipitation. The mean annual temperature is about 2 °C [29]. The annual sunshine duration is 
2300–2600 h, and the whole year frost-free period ranges from 120–140 days [30]. 
2.2. Field Information 
This study was conducted to diagnose rice N status at a key growth stage to guide panicle fertilizer 
application based on satellite images. For cold region rice, the crucial period for panicle fertilizer 
topdressing is during the stem elongation stage. Considering the time it takes for satellite image 
acquisition and processing, the best diagnosis stage is at panicle initiation, which is about 7–10 days 
before the stem elongation stage [12,31,32]. Three farmers’ fields in 2011 and two in 2012 were 
selected for this study. The cultivars and transplanting densities varied (Table 1). The seedlings were 
prepared in greenhouses and then transplanted at the 3.1–3.5 leaf stage into the fields. 
The regional optimal N rate recommended by the local extension service was around 100 kg·ha−1. 
Field 1 (F1) was managed by an experienced farmer. The best rice management practice of the region, 
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supported by the Jiansanjiang Experiment Station of the China Agricultural University, was applied for 
this field. Other fields were managed by individual farmers following their own practices. 
Table 1. Detailed information about the farmers’ fields selected for this study, 
Heilongjiang Province, China, 2011–2012. 
Field Year 
Number of 
Samples 
Area 
(ha) 
N Rate 
(kg·ha−1) 
Variety 
Number of 
Leaves 
Transplanting 
Date 
Plant Density 
(hills·m−2) 
F1 2011 33 29.6 97.9 Kendao 6 12 17 May 2011 27 
F2 2011 4 13.1 105.9 Longjing 26 11 20 May 2011 30 
F3 2011 4 31.0 101.0 Kendao 6 12 12 May 2011 27 
F4 2012 14 10.7 120.2 Longjing 31 11 16 May 2012 28 
F5 2012 37 21.6 98.3 Longjing 31 11 20 May 2012 30 
2.3. Remote Sensing Images and Preprocessing 
For this study, we selected the FORMOSAT-2 satellite, which belongs to the National Space 
Organization of Taiwan (NSPO). It runs on a Sun-synchronous orbit with an orbit altitude of 891 km and 
collects images at the same local hour with a constant observation angle for the same site [33]. The 
multispectral image of FORMOSAT-2 covers four spectral band regions with a ground resolution of 
8 m: blue (B) (450–520 nm), green (G) (520–600 nm), red (R) (630–690 nm) and NIR  
(760–900 nm) [34]. One image scene covers an area of 24 km × 24 km. The panchromatic image with 
2-m ground resolution is collected simultaneously. The daily revisit interval makes FORMOSAT-2 
one of the most suitable satellites for precision agriculture applications. Images were obtained on 25 
June 2011 and 26 June 2012. These two images were almost cloud-free, especially in the study area. 
The images were geometrically corrected and radiometrically calibrated using ENVI 4.8 (ENVI, 
Boulder, CO, USA). The radiometric calibration was performed using the satellite calibration 
parameters in the following formula for each band: 
0L DN a L   (1) 
where L stands for radiance; DN is the abbreviation of digital number; a is the absolute calibration 
coefficients, which is also called gain; and L0 stands for the offset. After the linear transformation, the 
DN values were converted to radiance values in units of W·m−2·sr−1·μm−1. For geometric correction, 
high precision ground control points were used. The rectification accuracy was less than 0.5 pixels  
(<4 m), which was acceptable for this research. 
2.4. Field Data Collection and Analysis 
A total of 41 and 51 ground samples were collected in 2011 and 2012, respectively. The samples 
were collected from sites representing different crop growth conditions (N deficient, optimum and 
surplus conditions), based on visual observations. The sampling dates were 25 June 2011, the same 
acquisition date as the satellite image, and 28 June 2012, two days after the FORMOSAT-2 image 
collection. At each sampling site, a hand-held differential Trimble Ag332 GPS was used for  
geo-referencing. Ground truth data included rice cultivar, plant density, tiller numbers and relative 
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chlorophyll concentration measured with the SPAD-502 instrument (Soil-Plant Analysis Development 
Section, Minolta, Osaka, Japan). Twenty rice plants were selected at each sampling site for CM 
measurements in the middle part of the top second leaf for each individual plant. At each sampling site, 
the aboveground biomass was collected destructively by clipping three hills (each hill consisting of  
4–6 rice plants). These samples were taken to the laboratory and rinsed with water. The roots were 
removed, and the samples were separated into leaves and stems. The Leaf Area Index (LAI) was 
determined by the dry weight method as described by Bei et al. [35]. All parts of the samples were put 
into the oven for deactivation of enzymes at 105 °C for half an hour and then dried at 80 °C until 
constant weight. After being weighted, the sub-samples were ground to particles smaller than 1 mm 
and analyzed for N concentration using the Kjeldahl method [36,37]. 
For the NNI, the Nc was calculated by the following equations developed for rice in this region 
according to Justes et al. [38], based on data from N rate experiments conducted in this region from  
2008–2013: 
0.342.77cN W
  (2) 
where Nc is the critical N concentration (%) in the aboveground biomass and W is the shoot dry weight 
expressed in t·ha−1. For aboveground biomass larger than 1 t·ha−1, the Nc was calculated by the above 
equation, otherwise the Nc was set to 2.77%.  
2.5. Data Analysis 
Many spectral VIs have been developed to estimate plant biophysical variables, such as chlorophyll 
concentration or content, LAI and biomass. However, many of them use narrow bands based on the 
research results of proximal hyperspectral sensing. In this study, the potential of using broad band 
satellite remote sensing images for estimating rice N status indicators was evaluated using the broad 
bands of FORMOSAT-2 satellite images. A total of 50 VIs were evaluated (Table 2, [39–60]). The 
software ENVI and ArcGIS 9 (ESRI, Redlands, CA, USA) were used to extract the pixel values from the 
FORMOSAT-2 satellite images and to calculate the VIs for corresponding sampling sites. 
The regression analysis considered the 50 VIs and each of the 6 field-measured agronomic variables 
separately. The correlation and regression analyses were performed using SPSS V.20.0 (SPSS, Chicago, 
IL, USA). The RMSE and relative error (RE) were also calculated to evaluate model performances. 
Table 2. Vegetation indices evaluated in this study for estimating rice N status indicators, 
Heilongjiang Province, China, 2011–2012. 
Vegetation Index Formula Ref. 
Two-band vegetation indices 
  
Ratio Vegetation Index 1 (RVI1) NIR/B [39] 
Ratio Vegetation Index 2 (RVI2) NIR/G [40] 
Ratio Vegetation Index 3 (RVI3) NIR/R [39] 
Difference Index1 (DVI1) NIR − B [39] 
Difference Index2 (DVI2) NIR − G [39] 
Difference Index3 (DVI3) NIR − R [39] 
Normalized Difference Vegetation Index 1 (NDVI1) (NIR − R)/(NIR + R) [40] 
Remote Sens. 2015, 7 10652 
 
 
Table 2. Cont. 
Vegetation Index Formula Ref. 
Two-band vegetation indices 
  
Normalized Difference Vegetation Index 2 (NDVI2) (NIR − G)/(NIR + G) [41] 
Normalized Difference Vegetation Index 3 (NDVI3) (NIR − B)/(NIR + B) [40] 
Renormalized Difference Vegetation Index 1 (RDVI1) (NIR − B)/SQRT(NIR + B) [42] 
Renormalized Difference Vegetation Index 2 (RDVI2) (NIR − G)/SQRT(NIR + G) [42] 
Renormalized Difference Vegetation Index 3 (RDVI3) (NIR − R)/SQRT(NIR + R) [42] 
Chlorophyll Index (CI) NIR/G − 1 [43] 
Wide Dynamic Range Vegetation Index 1 (WDRVI1) (0.12 NIR − R)/(0.12∙NIR + R) [44] 
Wide Dynamic Range Vegetation Index 2 (WDRVI2) (0.12 NIR − G)/(0.12∙NIR + G) [44] 
Wide Dynamic Range Vegetation Index 3 (WDRVI3) (0.12 NIR − B)/(0.12∙NIR + B) [44] 
Soil Adjusted Vegetation Index (SAVI) 1.5(NIR − R)/(NIR + R + 0.5) [45] 
Green Soil Adjusted Vegetation Index (GSAVI) 1.5(NIR − G)/(NIR + G + 0.5) [45] 
Blue Soil Adjusted Vegetation Index (BSAVI) 1.5(NIR − B)/(NIR + B + 0.5) [45] 
Modified Simple Ratio (MSR) (NIR/R − 1)/SQRT(NIR/R + 1) [46] 
Optimal Soil Adjusted Vegetation Index (OSAVI) (1 + 0.16)[(NIR − R)/(NIR + R + 0.16)] [47] 
Green Optimal Soil Adjusted Vegetation Index (GOSAVI) (1 + 0.16)[(NIR − G)/(NIR + G + 0.16)] [47] 
Blue Optimal Soil Adjusted Vegetation Index (BOSAVI) (1 + 0.16)[(NIR − B)/(NIR + B + 0.16)] [47] 
Modified Soil Adjusted Vegetation Index (MSAVI) 0.5{2∙NIR + 1 − SQRT[(2∙NIR + 1)2 − 8(NIR − R)]} [48] 
Modified Green Soil Adjusted Vegetation Index 
(MGSAVI1) 
0.5{2∙NIR + 1 − SQRT[(2∙NIR + 1)2 − 8(NIR − G)]} [48] 
Modified Blue Soil Adjusted Vegetation Index (MBSAVI) 0.5{2∙NIR + 1 − SQRT[(2∙NIR + 1)2 − 8(NIR − B)]} [48] 
Three-band vegetation indices 
  
Simple Ratio Vegetation Index (SR) R/G × NIR [49] 
Modified Normalized Difference Vegetation Index 1 
(mNDVI1) 
(NIR − R + 2∙G)/(NIR + R − 2∙G) [50] 
Modified Normalized Difference Vegetation Index 2 
(mNDVI2) 
(NIR − R + 2∙B)/(NIR + R − 2∙B) [50] 
New Modified Simple Ratio (mSR) (NIR − B)/(R − B) [51] 
Visible Atmospherically-Resistant Index (VARI) (G − R)/(G + R − B) [52] 
Structure Insensitive Pigment Index (SIPI) (NIR − B)/(NIR − R) [53] 
Structure Insensitive Pigment Index 1 (SIPI1) (NIR − B)/(NIR − G) [53] 
Normalized Different Index (NDI) (NIR − R)/(NIR − G) [49] 
Plant Senescence Reflectance Index (PSRI) (R − B)/NIR [51] 
Plant Senescence Reflectance Index 1 (PSRI1) (R − G)/NIR [51] 
Modified Chlorophyll Absorption in Reflectance Index 
(MCARI) 
[(NIR − R) − 0.2(R − G)] × (NIR/R) [54] 
Modified Chlorophyll Absorption in Reflectance Index 1 
(MCARI1) 
1.2[2.5(NIR − R) − 1.3(NIR − G)] [55] 
Modified Chlorophyll Absorption in Reflectance Index 2 
(MCARI2) 
1.2[2.5(NIR − R) − 1.3(R − G)]/SQRT[(2∙NIR + 1)2 
− (6∙NIR − 5∙SQRT(R) − 0.5] 
[55] 
Triangular Vegetation Index (TVI) 0.5[120(NIR − G) − 200(R − G)] [57] 
Modified Triangular Vegetation Index 1 (MTVI1) 1.2[1.2(NIR − G) − 2.5(R − G)] [55] 
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Table 2. Cont. 
Vegetation Index Formula Ref. 
Three-band vegetation indices   
Modified Triangular Vegetation Index 2 (MTVI2) 
1.5[1.2(NIR − G) − 2.5(R − G)]/SQRT[(2∙NIR + 1)2  
− (6∙NIR − 5∙SQRT(R) − 0.5] 
[55] 
Modified Triangular Vegetation Index 3 (MTVI3) 
1.5[1.2(NIR − B) − 2.5(R − B)]/ SQRT[(2 NIR + 1)2  
− (6 NIR − 5 SQRT(R) − 0.5] 
[55] 
Enhanced Vegetation Index (EVI) 2.5(NIR − R)/(1 + NIR + 6 R − 7.5 B) [58] 
Transformed Chlorophyll Absorption in Reflectance 
Index (TCARI) 
3[(NIR − R) − 0.2(NIR − G)(NIR/R)] [56] 
Triangular Chlorophyll Index (TCI) 1.2(NIR − G) − 5(R − G)(NIR/R)^0.5 [59] 
TCARI/OSAVI TCARI/OSAVI [56] 
MCARI/MTVI2 MCARI/MTVI2 [60] 
TCARI/MSAVI TCARI/MSAVI [56] 
TCI/OSAVI TCI/OSAVI [59] 
2.6. The Estimation of NNI 
The rice NNI can be estimated directly and indirectly. The direct method is to use the selected VI to 
estimate NNI directly based on the established relationships. The indirect method is to first use the 
selected VIs to estimate rice biomass and PNU. With the critical N dilution curve developed for rice in 
this region, the Nc can be derived for each biomass value. The estimated biomass and Nc can then be 
used together to calculate critical PNU (biomass × Nc). The NNI can then be estimated using PNU 
and critical PNU, because PNU/critical PNU equal (biomass × Na)/(biomass × Nc), which can be 
further simplified to Na/Nc. Considering practical applications, we classified the rice N status into three 
categories based on NNI values: deficient N status (NNI < 0.95), optimal N status (NNI = 0.95–1.05) 
and surplus N status (NNI > 1.05). 
The indirect method was used in this study to create NNI maps of selected fields at the pixel-level. 
For irrigation purpose, each rice field was divided into many smaller plots, which were also used as 
management units for fertilizer application. Therefore, the pixel-level NNI values were averaged for 
each small plot to create plot-level NNI maps using ArcGIS 9. 
3. Results 
3.1. Variability of Rice N Status Indicators 
The variability of rice biomass, LAI and PNU (CV = 23%–28%) was consistently larger than that of 
PNC, SPAD values and NNI (CV = 4%–14%) (Table 3). In addition, larger variability of PNC and NNI 
was found in 2012 (CV = 11% and 14%, respectively) than in 2011 (CV = 5%). Likewise, the values of 
biomass, LAI and PNU were significantly higher in 2012 than in 2011. The NNI ranged from 0.89–1.17 
in 2011, with an average of 1.01. This indicated that in general, the N status of these fields was optimal. 
In 2012, the NNI ranged from 0.83–1.50, with an average of 1.15, revealing a surplus N status  
(Table 3). 
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An examination of each individual field indicated that the average PNC and SPAD values were the 
highest in Filed 1 (F1), the biomass value was the lowest, while the average NNI was optimal. In 
contrast, F4 had the lowest PNC, but the highest average NNI and biomass, indicating a surplus N 
status (Table 4). These results indicated the importance of using NNI for N status diagnosis, rather 
than PNC. 
Table 3. Descriptive statistics of rice N status indicators for 2011 (41 field samples) and 
2012 (51 field samples), Heilongjiang Province, China. 
 
Mean Minimum Maximum SD CV (%) 
2011 
  
 
  
Biomass (t·ha−1) 0.87 0.50 1.55 0.22 25 
Leaf Area Index 0.84 0.52 1.51 0.20 23 
Plant N concentration (%) 2.76 2.45 3.06 0.14 5 
SPAD value 42.30 37.03 44.08 1.80 4 
Plant N uptake (kg·ha−1) 23.86 12.97 43.25 5.80 24 
Nitrogen Nutrition Index 1.01 0.89 1.17 0.05 5 
2012 
  
 
  
Biomass (t·ha−1) 2.91 1.45 4.68 0.79 27 
Leaf Area Index 3.34 1.77 5.66 0.86 26 
Plant N concentration (%) 2.24 1.75 2.77 0.25 11 
SPAD Value  40.60 37.07 43.40 1.68 4 
Plant N uptake (kg·ha−1) 65.00 30.11 114.9 17.93 28 
Nitrogen Nutrition Index 1.15 0.83 1.50 0.16 14 
Table 4. Descriptive statistics of rice N status indicators for different fields, Heilongjiang 
Province, China, 2011–2012. NNI stands for N Nutrition Index. 
Field Biomass (t·ha−1) Plant N Concentration (%) SPAD Value NNI 
F1 0.81 ± 0.16 2.77 ± 0.14 43.07 ± 0.62 1.00 ± 0.05 
F2 1.27 ± 0.25 2.63 ± 0.14 37.89 ± 0.89 1.03 ± 0.10 
F3 0.97 ± 0.17 2.62 ± 0.11 39.83 ± 0.65 1.00 ± 0.04 
F4 3.89 ± 0.41 2.12 ± 0.28 40.90 ± 1.08 1.21 ± 0.16 
F5 2.53 ± 0.53 2.29 ± 0.23 40.49 ± 1.85 1.13 ± 0.16 
3.2. Vegetation Index Analysis 
The performance of the VIs differed with N status indicators. The top 10 VIs for estimating 
different N status indicators in each year are listed in Table 5. 
For aboveground biomass, the top 10 VIs performed similarly in 2011 (R2 = 0.63–0.67) and 2012  
(R2 = 0.63–0.64). This was also true for PNU for both years. For LAI, the top 10 VIs performed 
slightly better in 2011 (R2 = 0.63–0.67) than in 2012 (R2 = 0.58–0.60). Four VIs that are based on the 
combinations of NIR and red bands, including Ratio Vegetation Index 3 (RVI3), Wide Dynamic 
Range Vegetation Index 1 (WDRVI1), Soil Adjusted Vegetation Index (SAVI) and Modified Simple 
Ratio (MSR), were consistently among the top 10 indices for biomass, PNU and LAI. The MCARI 
index, based on the combination of NIR, red and green bands, had the highest correlation with 
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aboveground biomass (R2 = 0.67) and LAI (R2 = 0.67) in 2011. Four VIs, which included MCARI1, 
Triangular Vegetation Index (TVI), Modified TVI1 (MTVI1) and Transformed Chlorophyll 
Absorption in Reflectance Index (TCARI), were also among the top 10 indices for both aboveground 
biomass and PNU. 
Table 5. The top 10 coefficients of determination (R2) for the relationships between 
vegetation indices based on the FORMOSAT-2 satellite images and rice N status indicators 
in Heilongjiang Province, China, 2011–2012. Only significant R2 values are listed. 
Index 2011 2012 2011 + 2012 Index 2011 2012 2011 + 2012 
Aboveground Biomass (t·ha−1) LAI 
MCARI 0.67 ** 0.62 ** 0.90 ** MCARI 0.67 ** 0.58 ** 0.90 ** 
DVI3 0.65 ** 0.63 ** 0.90 ** DVI2 0.67 ** 0.58 ** 0.91 ** 
TVI 0.64 ** 0.64 ** 0.90 ** RVI3 0.65 ** 0.60 ** 0.90 ** 
RVI3 0.64 ** 0.63 ** 0.90 ** DVI3 0.65 ** 0.60 ** 0.91 ** 
MTVI1 0.63 ** 0.64 ** 0.90 ** RDVI2 0.65 ** 0.58 ** 0.90 ** 
MCARI1 0.63 ** 0.64 ** 0.90 ** WDRVI1 0.65 ** 0.60 ** 0.90 ** 
TCARI 0.63 ** 0.64 ** 0.89 ** MSR 0.65 ** 0.60 ** 0.90 ** 
WDRVI1 0.63 ** 0.64 ** 0.89 ** RDVI3 0.64 ** 0.60 ** 0.90 ** 
MSR 0.63 ** 0.64 ** 0.90 ** SAVI 0.63 ** 0.61 ** 0.88 ** 
SAVI 0.61 ** 0.64 ** 0.87 ** NDVI1 0.63 ** 0.61 ** 0.88 ** 
Plant N Concentration (%) SPAD Values 
DVI4 
  
0.55 ** TCI 0.27 ** 0.17 ** 0.13 ** 
RDVI4 
  
0.53 ** PSRI 0.19 ** 
 
0.10 ** 
NDVI4 
  
0.49 ** MTVI2 0.18 ** 0.22 ** 0.16 ** 
RDVI2 
  
0.49 ** TCARI 0.16 ** 0.22 ** 0.14 ** 
RVI4 
  
0.49 ** MCARI2 0.15 * 0.23 ** 0.15 ** 
MGSAVI 
  
0.48 ** WDRVI1 0.14 * 0.20 ** 0.12 ** 
NDVI2 
  
0.48 ** MTVI3 0.10 * 0.25 ** 0.13 ** 
GOSAVI 
  
0.48 ** TCARI/OSAVI 
 
0.14 ** 
 
WDRVI2 
  
0.47 ** EVI 
 
0.14 ** 
 
mNDVI1 
  
0.30 ** DVI 0.13* 
 
0.19 
Plant N Uptake (kg·ha−1) NNI 
RVI3 0.66 ** 0.61 ** 0.87 ** RDVI1 0.18 ** 0.32 ** 0.41 ** 
TVI 0.66 ** 0.61 ** 0.87 ** DVI2 0.17 ** 0.33 ** 0.43 ** 
WDRVI1 0.66 ** 0.62 ** 0.87 ** RVI2 0.17 ** 0.33 ** 0.44 ** 
RDVI3 0.66 ** 0.62 ** 0.87 ** WDRVI2 0.16 ** 0.34 ** 0.43 ** 
TCARI 0.65 ** 0.63 ** 0.86 ** DVI3 0.16 ** 0.34 ** 0.43 ** 
MSR 0.65 ** 0.62 ** 0.87 ** RDVI2 0.16 ** 0.34 ** 0.42 ** 
MCARI1 0.65 ** 0.62 ** 0.87 ** RVI3 0.16 ** 0.34 ** 0.45 ** 
MTVI1 0.65 ** 0.62 ** 0.87 ** WDRVI1 0.15 * 0.35 ** 0.44 ** 
SAVI 0.64 ** 0.62 ** 0.85 ** RDVI3 0.15 * 0.35 ** 0.43 ** 
OSAVI 0.64 ** 0.62 ** 0.85 ** TVI 0.15 * 0.34 ** 0.44 ** 
** Correlation is significant at the 0.01 level; * Correlation is significant at the 0.05 level. 
Lower correlations were found between the VIs and NNIs, with R2 of 0.15–0.18 in 2011 and  
0.33–0.35 in 2012 for the 10 best models. None of the VIs was significantly correlated with PNC in a 
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specific year, although 30–55% of the PNC variability was explained across the two years (Table 5). 
The relationships between VIs and SPAD values were also weak, with R2 being 0.10–0.27 and 0.14–
0.23 in 2011 and 2012, respectively. 
 
Figure 1. Selected VI regression vs. rice aboveground biomass (a) LAI; (b) plant N uptake 
(PNU); (c) and NNI; (d) Heilongjiang Province, China, 2011–2012. 
Figure 1 shows selected VI models with the best performance in estimating rice aboveground 
biomass, LAI, PNU and NNI across years. The values for 2011 samples were all smaller than those of 
2012. Most samples in 2011 had NNI values close to optimum, and the variability was very small, with 
CV being only 5%. As a result, a cluster was formed at the lower end of Figure 1d. This may explain 
why the relationships between VIs and NNI were quite weak in 2011 (Table 5). 
3.3. Nitrogen Status Diagnosis 
According to the above results, an indirect NNI estimation method was used in this study. The NNI 
values estimated this way were moderately correlated with measured NNI across 2011 and 2012  
(R2 = 0.52, RMSE = 0.10 and RE = 9.14%) (Figure 2). By comparing the regression line to the 1:1 line 
in Figure 2, a systematic bias can be identified in the regression model. In particular, when the 
observed NNI was less than 1.08, the model overestimated the NNI, while the opposite was true when 
the NNI was greater than 1.08. 
The NNI maps created using the indirect method for two farmers’ fields are shown in Figure 3 as an 
example. Figure 3a,b shows the NNI maps at the pixel level and the plot level, respectively. The first 
(Figure 3, left) is a well-managed field, with 92% of the field being in the optimal N status category.  
In contrast, the second field (Figure 3, right) had only 35% in the optimal N category and about 51% in 
the deficient N category. 
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A more quantitative and preferable approach is to produce a PNU difference map (∆PNU) by 
subtracting the critical PNU map from the predicted PNU map. This ∆PNU map can not only tell us if 
the N status is deficient, optimal or surplus, but also the amount of deficiency or surplus. This further 
can be used to produce a prescription map for topdressing N application rates (NR) at the stem 
elongation stage. Specifically, the prescription map will be the planned topdressing panicle NR map 
based on regional best management practice minus the ∆PNU map. Figure 4 displays a ∆PNU map of 
the second field shown in Figure 3. About 12% of the field had an N surplus of over 5 kg·ha−1, while 
20% of the field had an N deficiency of over 5 kg·ha−1. 
 
Figure 2. Relationship between observed and predicted NNI using MCARI-estimated 
biomass and RVI3-estimated plant N uptake in 2011 and 2012, Heilongjiang Province, 
China. The red line is the 1:1 line. 
 
Figure 3. Cont. 
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Figure 3. Examples of predicted rice nitrogen nutrition index (NNI) maps of two fields at 
the pixel level (a) and the plot-level (b), Heilongjiang Province, China. 
 
Figure 4. Example of a plant N uptake difference map of a farmer’s field, Heilongjiang 
Province, China. 
4. Discussion 
4.1. Direct Estimation of NNI 
Using satellite remote sensing to estimate rice plant NNI for diagnosing rice N status and guiding  
in-season site-specific N management across large areas is an attractive idea. How well can we 
estimate NNI directly using FORMOSAT-2 satellite data? The results of this study indicated that all of 
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the top 10 VIs were significantly correlated with NNI, explaining 18% and 35% of the NNI variability 
in 2011 and 2012, respectively. Across years, 45% of NNI variability was explained with RVI3. This 
result is slightly better than what Yao et al. [13] found using the handheld GreenSeeker NDVI and 
RVI, which explained 25% and 34% of rice NNI variability at the stem elongation stage, respectively. 
It was found that the top 10 VIs obtained with the three-band Crop Circle ACS 470 sensor explained 
61%–69% of rice NNI variability across the panicle initiation and stem elongation stages [12]. 
However, our study only used data from the panicle initiation stage in 2011, which was expected to be 
more influenced by the water background than the stem elongation stage. In general, it is not 
satisfactory to use satellite images to directly estimate rice plant NNI at this stage. At later stages when 
the rice plants reach canopy closure, this approach may work better. However, it may then be too late for 
guiding in-season N application. 
4.2. Indirect Estimation of NNI 
An alternative approach is to use remote sensing to estimate key parameters and indirectly estimate 
NNI. Cilia et al. [24] used aerial hyperspectral remote sensing to estimate maize N concentration and 
biomass and then estimated NNI indirectly. Our study indicated that biomass could be reliably 
estimated using satellite remote sensing at the panicle initiation and stem elongation stages, with over 
60% of its variability being explained by the top 10 VIs in both 2011 and 2012. We selected MCARI 
for further analysis. This index was initially developed for estimating leaf chlorophyll variation, but it 
was also significantly related to LAI [54,55]. In this study, the MCARI index was highly correlated 
with rice aboveground biomass and LAI (R2 = 0.58–0.67). The results agree with those of  
Cao et al. [12], who also identified a modified MCARI as the best index for estimating rice biomass 
(R2 = 0.79) and plant N uptake (R2 = 0.83) across growth stages. The top 10 Crop Circle VIs in their 
study explained 50%–54% of rice biomass variability across the panicle initiation and stem elongation 
stages. Our results were comparable to the results (R2 = 0.68–0.69) of Gnyp et al. [61] that were 
obtained with optimized narrow band RVI and NDVI for estimating rice biomass at the stem 
elongation stage. However, estimating rice PNC before canopy closure is a great challenge. We did not 
find any significant correlation between VIs and rice PNC in this study. This was also stated by  
Yao et al. [13]. They found that the GreenSeeker NDVI and RVI were not significantly correlated with 
rice PNC at the stem elongation stage. Cao et al. [12] found that the three-band Crop Circle ACS 470 
sensor at best explained 33% of rice PNC across the panicle initiation and stem elongation stages using 
the Red Edge Green Difference Vegetation Index (REGDVI). Even with hyperspectral remote sensing, 
Yu et al. [62] only explained 39% of rice PNC variability across the tillering and heading stages using 
the Optimized Simple Ratio or Normalized Difference Index. Before canopy closure, soil and water 
backgrounds in paddy rice fields can influence plant reflectance [63]. In addition, plant biomass 
dominates canopy reflectance before the heading stage, making the estimation of chlorophyll and N 
concentration at early growth stages difficult [20]. Therefore, the approach adopted by Cilia et al. [24] 
did not work for rice monitoring at the panicle initiation and stem elongation stages in our study. 
A practical approach is to use satellite remote sensing to estimate rice biomass and PNU. From the 
estimated biomass and the critical N dilution curve, the critical PNU can be determined, and NNI will 
be calculated using the estimated PNU and the critical PNU. The results of this study supported this 
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idea. Over 60% of rice PNU variability was explained by RVI3 in both years. This was even better 
than the result obtained with the GreenSeeker sensor for estimating rice PNU at the stem elongation 
stage (R2 = 0.40–0.41) by Yao et al. [13] and similar to the results (R2 = 0.63–0.65) obtained with the 
Crop Circle ACS 470 sensor for estimating rice PNU across the panicle initiation and stem elongation 
stages by Cao et al. [12]. The estimated NNI obtained this way explained 52% of the measured NNI 
variability across 2011 and 2012, which was slightly better than the direct estimation of NNI using VIs 
obtained from satellite images (R2 = 0.45). 
4.3. Applications for Rice N Status Diagnosis and Topdressing N Recommendation 
After the NNI map is generated, it is necessary to define the NNI thresholds for N status diagnosis. 
The current thresholds (NNI < 1: deficient; NNI = 1: optimal; NNI > 1: surplus) may need to be further 
refined for practical applications. For example, the NNI values of 0.99 and 1.01 are very close to each 
other and are all quite optimal, but they will be classified as deficient and surplus N status, 
respectively, based on current thresholds. Cilia et al. [24] proposed to classify NNI into five classes 
(NNI ≤ 0.7, 0.7 < NNI ≤ 0.9, 0.9 < NNI ≤ 1.1, 1.1 < NNI ≤ 1.3, NNI > 1.3) and regarded NNI ≤ 0.9 as 
N deficient, 0.9 < NNI ≤ 1.1 as N optimal and NNI > 1.1 as N surplus. Based on the rice N 
management situations in the study region, we proposed the following thresholds for rice: NNI ≤ 0.95 
as N deficient, 0.95 < NNI ≤ 1.05 as N optimal and NNI > 1.05 as N surplus. These threshold values 
can be used to delineate a field into three regions with different N nutritional status. The diagnosis 
results shown in Figure 3 indicated that the first field (Figure 3 left) was well managed, with the 
majority of the field having an optimal N status, while about 51% of the second field (Figure 3, right) 
was deficient in N. These agreed quite well with the two farmers’ management practices. However, 
these threshold values are empirical, and more studies are needed to further test and refine these 
thresholds by relating NNI to relative grain yield. 
The NNI-based rice N status map can be used to guide in-season topdressing N application. For the 
optimal N zone, 30 kg·N·ha−1 was recommended based on the regional best N management practice. 
For the deficient N zone, 35 or 40 kg·ha−1 can be recommended, and for the surplus N zone 25 or  
20 kg·ha−1. This approach is commonly used in site-specific N management of rice based on CM 
diagnosis developed by the International Rice Research Institute [64]. It is empirical, but very practical 
for on-farm applications in small-scale farming areas of Asia. A more quantitative approach is to 
produce a PNU difference map using the estimated PNU map minus the critical PNU map. The 
recommended N topdressing application rate can be determined using the regional optimum 
topdressing N application rate minus the PNU difference. This approach is different from the variable 
rate N application strategy proposed by Cilia et al. [24]. They first computed the average PNU from 
the optimal NNI pixels and then used this average value together with the estimated PNU to calculate 
the difference, and for N deficient pixels, the deficient amounts were used as variable N application 
rates. For pixels with optimal and surplus N, no N fertilizers were recommended. In our approach, we 
did not analyze the pixel scale, because in rice farming, the field is divided into many small plots for 
irrigation purpose. These plots also serve as management units. We applied plot-average NNI values to 
diagnose the rice N status of each plot. Our precision N management strategy takes the regional 
optimal N rate as the initial total N rate, with 40% and 30% being applied as basal and tillering N 
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fertilizers, respectively. For topdressing N application at the stem elongation stage, 30% of the initial 
total N rate should be applied if the N status is optimal. Otherwise, the topdressing N rates can be 
adjusted based on deficient or surplus N amounts. Even if the N status is optimal at the stem elongation 
stage, it only indicates the N status at that stage, which is more than two months prior to harvest, and a 
certain amount of N fertilizers should still be recommended to meet the N requirements from stem 
elongation to harvest.  
4.4. Challenges and Future Research Needs 
The proposed approach discussed above requires the satellite imagery to be collected in a narrow 
time window, preferably one week before topdressing N application at the stem elongation stage for 
rice in the study region. If the image is collected too early, the diagnosis result may not match the true 
rice N status at the stem elongation stage. In addition, rice plants will be too small, and the water 
background will strongly influence the plant reflectance. If the image is collected too close to the stem 
elongation stage, it may be too late to use the diagnosis result for guiding the topdressing N 
application. Therefore, a satellite with a high temporal resolution is required. The daily revisit time of 
the FORMOSAT-2 satellite makes it ideal for this purpose. Its 8-m spatial resolution may be too 
coarse for small-scale farming in other parts of China, such as in the North China Plain [65], but is 
good enough for large-scale farming in the Sanjiang Plain of Northeast China. 
It should be noted that there are 7–10 days between the panicle initiation and stem elongation 
stages, and the rice plants are fast developing, so the rice biomass and plant N uptake determined at the 
panicle initiation stage are smaller than the values at the stem elongation stage. Studies are needed to 
determine the influence of this difference on the recommended topdressing N application rates. 
Year to year weather variability poses a challenge to use satellite remote sensing for in-season rice 
N status diagnosis and guiding topdressing application. The satellite imageries were collected at 
similar times in both years. However, the temperature in 2012 was higher than 2011. The accumulated 
temperature from transplanting date to the sampling date of 2012 was about 100 °C higher than that in 
2011. As a result, rice plants grew faster in 2012 and already reached the stem elongation stage when 
the image was collected on 26 June 2012. This was reflected by the larger biomass, LAI and plant N 
uptake values in 2012 than 2011 (Table 3). Another factor to consider is that there are many cloudy 
and rainy days during the growing season in many parts of the major rice planting regions, which can 
prevent us from getting the needed satellite images within the narrow time window [13] in some years.  
Such uncertainty in year to year weather variability makes it very difficult to collect the satellite 
images at the right time for guiding in-season N management. 
To overcome this limitation, multi-temporal and dual-polarimetric TerraSAR-X satellite data were 
evaluated for monitoring rice crop growth, and very promising results were obtained for rice biomass 
estimation [66]. Low-altitude remote sensing based on unmanned aerial vehicles (UAVs) may also be 
an alternative way for diagnosing in-season rice N status and guiding variable rate N management [67–69]. 
Due to the quick turn-around time, UAV-based remote sensing images can be collected 1–2 days 
before the topdressing N application, and the diagnosis result will be more representative. 
Nevertheless, due to the much smaller coverage and bigger data volume of UAV images, they are still 
not very practical for regional studies over large areas. 
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The FORMOSAT-2 satellite images only have four commonly-used wavebands (B, G, R and NIR). 
Previous research indicated that red edge-based vegetation indices performed better for estimating crop 
N status NNI than traditional red light-based indices [7,12,70]. According to Li et al. [70], the red  
edge-based Canopy Chlorophyll Content Index (CCCI) was reported to have the best performance 
among all of the indices evaluated for estimating summer maize N concentration and uptake at V6, V7 
and V10–V12 stages, based on the simulation of Crop Circle ACS 470 active sensor, RapidEye and 
WorldView 2 satellite images. It is necessary to evaluate the potential improvements in estimating rice 
NNI using RapidEye and WorldView 2 satellite images. Hyperspectral sensing has the potential to 
further improve the estimation of crop NNI, as demonstrated in winter wheat [20] and summer  
maize [21], and more studies are needed to explore the potential of hyperspectral sensing for 
monitoring crop NNI. 
In summary, the proposed satellite remote sensing approach can achieve comparable performance 
as ground-based active canopy sensors for estimating rice N status and is applicable to other rice 
planting regions. It is more efficient for large area applications, but is more influenced by weather 
conditions, while active canopy sensors are independent of environmental light conditions. It requires 
special training to process satellite remote sensing data, while active canopy sensors are easy to use, 
but are not suitable for large area applications. The UAV-based approach, coupled with red edge-based 
indices and hyperspectral remote sensing, has the potential to overcome the disadvantages of the 
ground active sensing and satellite remote sensing approaches. Therefore, it deserves further studies. 
5. Conclusions 
This study evaluated the potential of using FORMOSAT-2 satellite images to estimate rice NNI at 
the panicle initiation stage for guiding topdressing N application at the stem elongation stage in 
Northeast China. Across years, 45% of NNI variability could be explained using the RVI3 index 
directly. On the other hand, the indirect approach using FORMOSAT-2 images to estimate the 
aboveground biomass, PNU and, consequently, NNI achieved slightly better results (R2 = 0.52 across 
years). Moreover, the calculated difference between the estimated PNU and the critical PNU based on 
the indirect method can be used to guide the topdressing N application rate adjustments, which 
demonstrated that FORMOSAT-2 images have the potential to estimate rice N status for guiding 
panicle N fertilizer applications in Northeast China. However, more studies are needed to further 
evaluate and improve the proposed method of in-season rice N status diagnosis and precision N 
management strategy under different on-farm conditions using different types of satellite data. The 
potential of UAV-based remote sensing, coupled with red edge-based indices and hyperspectral 
sensors, for improving rice NNI monitoring also needs to be studied in future research. 
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